Abstract: Pavement deterioration models are important inputs for pavement management systems (PMS). These models are based on the study of performance data, and they provide the evolution law of pavement deterioration. Performance data consist of observations of pavement section conditions, and are collected through several follow-up campaigns on road networks. To characterize the pavement deterioration process, several statistical methods have been developed at the Laboratoire Central des Ponts et Chaussées (LCPC). However, these methods are suboptimal for modeling the evolution of pavement deterioration, as they ignore unit-specific random effects and potential correlation among repeated measurements. This paper presents a nonlinear mixed-effects model enabling accounting for the correlation between observations on the same pavement section. On the basis of this nonlinear mixed-effects modeling, we investigate and identify structural and climatic factors that explain differences in the parameters between pavement sections, and quantify the impact of these factors on pavement evolution. The proposed model provides a good fit for describing the evolution law of different pavement sections. The performance of this model is assessed using simulated and real data.
Introduction
The optimization of road maintenance management tasks, over both the medium and long terms, requires knowledge of the set of factors that could influence the pavement condition. Under the repeated application of traffic loads, such factors are divided into two categories: the pavement structure (thickness of the various layers) and the climatic conditions (height of precipitation) [Laboratoire Central des Ponts et Chaussées-Service d'études sur les transports, les routes et leurs aménagements (LCPC-SETRA) 1994]. To identify these factors, statistical methods for analyzing experimental data from repeated measurements have been introduced (Lorino et al. 2006; Lepert et al. 2004 Lepert et al. , 2003 Leroux et al. 2004) . They enable describing the evolution curve of cracking on particular pavement sections according to the pavement section age and with respect to one or several explanatory variables.
These modeling methods are classified into two categories: nonlinear regression methods, called direct, indirect methods (Leroux 2003; Lepert and Riouall 2002) and statistical methods resulting from application of survival laws theory (Cox proportional hazards and parametric models) (Courilleau and Marion 1999; Rèche 2004) . The advantage of using mathematical models is that they facilitate the analysis and interpretation of the observed data because they describe the evolution law as a function of only a few parameters that can be statistically compared.
However, these previous analyses cannot exactly predict the measured data because of unaccounted correlation between observations on the same pavement section. Also, they cannot test whether the measurement error is significant (Khraibani et al. 2009) . To this end, we introduce the nonlinear mixed-effects model to predict future pavement conditions. For repeated measurements data, mixed-effects models offer a flexible framework in which population characteristics are modeled as fixed effects and unit-specific variation is modeled as random effects. Linear mixed-effects (LME) models (Laird and Ware 1982; Ware 1985; Diggle et al. 1994 ) and nonlinear mixed-effects (NLME) models (Davidian and Giltinan 1995; Vonesh and Chinchilli 1997) are widely used in longitudinal data analysis.
Recent literature on reliability contains many papers that applied mixed-effects approaches to model a wide variety of degradation data. Archilla and Madanat (2001) and Onar et al. (2006) proposed a linear mixed-effect model for pavement application. Yuan and Pandey (2009) used a nonlinear mixed-effects model for monitoring and predicting degradation in nuclear piping systems.
The overall objectives of this paper are to (1) develop a nonlinear mixed-effects model for describing pavement section behavior as a function of time, taking individualization into account; (2) employ a logistic function to model the sigmoid evolution law of pavement cracking; and (3) examine the effects of the pavement structure and the climatic conditions factors on pavement behavior by incorporating covariates into the model. Finally, the analysis was performed with the statistical software S-PLUS and its library for nonlinear mixed-effects models (NLME) (Pinheiro and Bates 2000) .
Methodology
Data Sets
The NLME model described in this paper was applied to two types of pavement cracking database. The first type corresponded to slowly degraded test section data that comes from a cooperation between the Laboratoire Central des Ponts et Chaussées (LCPC) and the Ministère des Transports du Québec (MTQ). Noting that, the aim of the cooperation project was to study the pavement behavior in the winter. The second database corresponded to simulated data, which allowed us to investigate the influence of structural factors and mechanical properties on the evolution law of pavement deterioration.
MTQ Data
Pavement test sections were constructed in Québec around 1998 and their cracking behavior was monitored over nine years. The 45 pavement sections of the test set are shown in Fig. 1 . Notice that each section was visually inspected between 2 and 12 times per year. On-site operators established a cartographic representation of the cracking, which then served as a basis for the precise laboratory measurement of a visible crack length. The total measured crack length was expressed in millimeters per square meter. This approach enabled not only a comparison of test sections that may contain different lane widths and different number of lanes, but also observation of crack progression better than a simple calculation of the number of cracks.
However, the data set was represented by longitudinal, irregularly spaced, and unbalanced plots. For all sections in this data, thermal cracking appeared after pavement maintenance but with a very low cracking rate as a phenomenon of premature cracking. After a period of five years, cracks progressed at a higher rate; within a few months, or even weeks, the majority of the cracks formed. As known, pavements exposed to harsh winter climates experience transverse thermal cracking earlier in their life cycle. Consequently, the two covariates associated with the response variable (percent of cracking) are the time of observation and the averaged annual height of precipitation (H p ).
The measurements of the same section are connected with lines. For each section, a distinct nonlinear increase of pavement cracking with age is shown, but a considerable variation exists among sections.
Simulated Data
The data set was generated using a fatigue-crack propagation model whose random parameters followed a Weibull probability distribution. These simulated data contained 100 maintained sections. For each section, 90 to 120 cracking measurements varying from 0% to 100% were considered. These cracking measurements depended on both the initial pavement layer and the surface layer (overlayer) and all fatigue cracking measurements for each pavement section were assumed to return to 0% after maintenance. In other words, the nonlinear behavior of the initial pavement layer was taken into account by subdividing the layer into two successive layers (bottom and interface layer) having mechanical characteristics that vary as a function of the stress and the thickness of the initial layer. Similarly, when overlaying the initial layer, the nonlinear behavior of the maintained pavement was taken into account by subdividing the overlayer into two successive layers (interface and surface layer) with mechanical characteristics that vary as a function of the stress and thickness of the initial and surface layers. Hence, considering a fixed elastic modulus at 16,000 MPa, this indicator was based on three uncorrelated covariates 
Generalized Nonlinear Mixed-Effects Models
As noted in the introduction, the nonlinear mixed-effects framework is widely used in describing a nonlinear relationship between a response variable and parameters and covariates in the repeated measurements data that are grouped by a cluster factor. NLME models were initially proposed, in biostatistics literature, by Lindstrom and Bates (1990) , Pinheiro and Bates (1995) , and Davidian and Giltinan (1995) . This study follows the generalized nonlinear mixed-effects models proposed by Lindstrom and Bates (1990) .
For pavement section i with n i repeated measurements, the generalized NLME model for pavement cracking data can be expressed as
where y ij = measured value of the deterioration for section i at time j; a ij = age (years) for the ith section on time j, f = nonlinear function relating the response variable to age and to other possible covariates x ij varying with individual and time, β i = vector with the parameters of nonlinear function, and e ij = normally distributed within-section error term. The parameter β i varies from one section to another to account for intra and intersection variation and is modeled as
where • β = p × 1 vector of fixed effects parameters, common to all sections, • b i = q × 1 vector of random effects associated with the ith section, • ε i = within group errors vector assumed to be independently distributed with zero mean and variance-covariance matrix σ 2 Λ i , where Λ i is the identity matrix, • p = number of fixed parameters in the model, • q = number of random parameters in the model, and • ðσ i Þ 2 = variance-covariance matrix for the random effects.
A i and B i were design matrices for the fixed and random effects, respectively, where A i was adequate to describe the possible influence of controlled factors in the parameters β of the model and B i described the variation between observations on each specific section.
Estimated parameters and modeling variance-covariance structure were developed by using the maximum likelihood (ML) method (Pinheiro and Bates 1995) . Criteria and test procedures were used for comparing alternative models.
In general, likelihood ratio tests are useful for choosing between two models, where one model is a subset of the other. Akaike's information criterion (AIC) (Akaike 1974) and Bayesian information criterion (BIC) (Schwarz 1976) were used to compare several alternative models. Formulas for their computation are as follows. AIC ¼ À2 ln LðΘÞ þ 2k, where LðΘÞ = maximized likelihood function, k = number of model parameters. BIC ¼ À2 ln LðΘÞ þ k lnðnÞ, where n = number of observations, equivalently the sample size; k = number of free parameters to be estimated, and LðΘÞ = maximized value of the likelihood function for the estimated model. The smallest value for both criteria indicates the best fit.
Working Procedure to Fit NLME Model
To describe the evolution law of pavement behavior using NLME model, the analysis consisted of three main steps.
• To avoid convergence problems attributable to over parameterization, we will temporarily ignore the random-effect was temporarily ignored and a single nonlinear fixed-effect model was fit using nonlinear least square method. If no convergence was obtained, other starting values were attempted.
• Next, the random effects parameters, as well as possible combinations, were introduced. The deviations of the individual pavement sections from the fixed-effect parameters were represented in a random-effect plot. Diagnostics plots were used to evaluate the model fit; for example, the normality of the random effects were tested and the homogeneous spread around the zero line of the residuals was checked.
• Finally, the third step was summarized by incorporating of several factors into the NLME model and testing and analyzing the effect of these factors on pavement behavior.
Results

MTQ Data
The model described above was applied to the MTQ database with the objective of modeling the behavior of flexible pavements. The MTQ database was chosen not only for its availability, but also for its representativeness of thick bituminous pavement, largely used in France and for its behavior in a severe climate, which maximizes the distress. The form adopted for predicting the cracking measurements was assumed as a sigmoïdal. Therefore, pavement sections were described by logistic models
where y ij = percentage of cracking for the ith section at the jth measurement time t ij and i ¼ 1; …; 45, j ¼ 1; …; n i : e ij = within-section error term associated with the j h measurement on the ith section and is assumed to have a Gaussian distribution with zero mean and variance σ 2 . The parameter A corresponded to the value of the horizontal asymptote (the limit of cracking growth) at which roads are   40  41  8  13  43  24  9  38  31  17  36  14  45  2  22  6  15  10  44  11  16  23  4  7  18  5  12  32  39  35  33  20  1  19  34  25  30  21  37  3  29  27  42  26 8  13  43  24  9  38  31  17  36  14  45  2  22  6  15  10  44  11  16  23  4  7  18  5  12  32  39  35  33  20  1  19  34  25  30  21  37  3  29  27  42  26 completely degraded, and was set to 100% of cracking. The parameter B is the midpoint, the time at which y ij ¼ A=2 ¼ 50%. C is the scale parameter representing the distance on the time axis between the midpoint and the point at which the response is A=ð1 þ e À1 Þ ¼ 73% of cracking. The first step was to determine appropriate starting values for estimating model parameters. A suitable starting estimate for B was the average time at which 50% of cracking was reached, and a reasonable starting value for C was the difference between the average times at which 50% and 73% of cracking were reached, respectively.
We began with fitting a fixed nonlinear model (3) to the entire data set. The least square estimates of the parameters were B ¼ 8:536, C ¼ 1:935. The P-values indicated that the B and C parameters were significant (< 0:0001) and both batches were statistically different; therefore, the model was correctly parameterized. The residual standard error (S.E.) was 10.630. Fig. 2 shows the boxplot of residuals from model (3), and that the residuals tended to be negative for some sections and positive for others, and the plots had different variations according to the residual S.E.
To account for variations on the same pavement section, random components were introduced into model (3), yielding the following nonlinear mixed-effects model
with the assumptions (b i ; c i Þ ∼ Nð0; ðσ i Þ 2 Þ, e ij ∼ Nð0; σ 2 Þ and b 1 ; …; b n , c 1 ; …; c n , e 1 ; …; e n , independent (with the number of section n ¼ 45). B was replaced by B þ b i to account for the correlation between observations on the intra-individual variability in the midpoint time. B was called the fixed-effect and b i was called the random-effect and represented the individual section departure from the average time of the midpoint. Similarly, the fixed-effect C represented the mean level of the growth time for the population and c i was the individual section departure from the mean level of the growth time.
The data were fitted with model (4), assuming that both random effects were added to the formula. The parameter values, estimated by maximum likelihood (ML), are given in Table 1 . The P-values of B and C remained very small (< 0:0001) and indicated that both parameters were significant at the 5% level.
A rather weak correlation (0.354) was found between the midpoint (B) and the shape parameter (C) indicating that the two random effects from model (4) are required. Significant sectionto-section variation in B and C may reflect that the velocity of propagation differs from one section to another, in which each section has its own strength at a given moment.
In comparison with the estimates of model (3), the estimates of the residual S.E. in model (4) decreased drastically from 10.630 to 3.241. Fig. 3 , showing the box plot of the residuals in model (4), indicates that the residuals are approximately centered at zero, and with several outlying observations. whereas the residuals of model (3) have alternating sign and are much larger. Moreover, the normality of the measurement errors was checked using the normal QQ plot of the residuals (Fig. 4) . Fig. 4 indicates no significant deviation from the normality assumption. In addition, Fig. 5 shows the normality of the random effects. The assumption of normality seems reasonable for both random effects.
Having established the most appropriate mixed-effects model for the cracking measurements, the next step was to incorporate the relevant covariate height of precipitation (H p ) into model (4). The H p variable is an important covariate for explaining section-tosection variation (interindividual variability), as Fig. 6 seems to indicate. Consequently, all parameters could be influenced by this variability. Table 2 shows the results from including H p in the model as a covariate to explain the systematic among-section variability in B and C parameters. They indicated that the estimated parameters B and β (β is the parameter associated with H p in B) were significant at the 5% level (P-value < 0:05), whereas the parameters C and χ (χ is the parameter associated with H p in C) were not significant (P-value > 0:05) and therefore do not explain the variation of pavement cracking depending on H p .
Next, the backward elimination approach was used to select the final model that fits the MTQ data with experimental conditions (climatic factor). Then, non-significant terms were removed from the model recursively (χ in this case).
The final model for the prediction of cracking measurements is
where β = height of precipitation effect on the mean growth time B.
The significance of this term was assessed using the Wald tests (see Table 3 ). Because β was negative, the midpoint of the specific section decreased with increasing values of H p and, consequently, the pavement sections deteriorated faster. Fittings model (5) were very close to observations (see Fig. 7 ), reflecting the intra-individual variability in the B and C parameters and the interindividual variability in the parameter B once H p were taken into account. Fig. 7 . Cracking measurement is plotted against age (years) from the MTQ data, along with the individual fitted curves for each of four sections from the 45 pavement sections
The graphical results for this model were similar to those obtained for model (4); residuals were approximately centered at zero and the normal distribution characterizes the residuals and the random effects. Finally, to conclude, according to both the AIC and BIC criteria, the best fitting model for MTQ data was model (5) with an AIC 1,548, which was marginally better than for model (4) (AIC of 1,553).
Simulated Data
Similar to MTQ data, the logistic mixed-effects model was also examined for simulated data. The intent of applying this model to simulated data was to study the effect of several factors, especially the maintenance effect, when inadequate information exists on the structural pavement in the real database (MTQ). Fitting model (3) with only fixed-effect parameters resulted in an AIC of 86,071. The P-values for B (13.362) and C (3.27) indicated that both sets were statistically significant (both < 0:0001). Adding the random effects, model (4) with random effects for both fixed effects was also found to have an AIC of 30,897. A strong correlation (0.974) was found between both random effects (b i and c i ). This correlation may allow for the possibility of eliminating one of these random-effect parameters. Therefore, three combinations are possible, including (b i ), (c i ), and (b i , c i ). In all cases, the models containing mixed-effects (fixed and random parameters) performed better than the models with only fixed effects, and the model including all random effects was found to be the best with the lowest AIC and BIC values, as observed in Table 4 .
Similar to MTQ data, the normal distribution of random effects parameters and residuals was examined. Fig. 8 shows a normal plot of estimated random effects and indicates that both random effects were normally distributed. Similarly, the normality of the residuals seems reasonable, as shown in Fig. 9 . The boxplots of residuals by section is illustrated in Fig. 10 , and indicates that the residuals were approximately centered at zero.
Analysis of Covariates
A logistic mixed-effects model that examines the influence of structural pavement factors on the cracking evolution was constructed using Akaike criterion and loglikelihood test for model selection. The primary question of interest for the simulated data was the effect of maintenance on the individual parameters (B i , C i ). Depending on structural pavement conditions (for example, time of maintenance, thickness of the based layer), the influence of any other covariate could be studied. Table 5 shows the model selection criteria for incorporation of covariates. Both statistical criteria of AIC and the likelihood ratio test (LRT) indicated the superiority of model (c) in which all covariates had a significant effect on the midpoint and scale parameters (B and C) whereas only one covariate (h e ) had no significant effect on C parameter for model (b) (see Tables 5 and 6 ). The positive sign of the coefficient associated with the thickness of the surface layer covariate indicates that this covariate increases the value of B and, consequently, has a delay effect on the occurrence of cracking. In other words, the pavement is able to better resist fatigue cracking after maintenance. In addition, the pavement structure also proved to be influenced by the thickness of the base layer (h): the positive sign of the coefficient associated with the h covariate indicated that the higher the value of h, the more mechanically robust the pavement and, therefore, cracking developed less rapidly. However, the parameter coefficient associated with the time of maintenance (c t ) dictates the shape of the curve (b). The longer that maintenance is delayed, the faster cracking develops. Thus, maintenance exerts a substantial effect on evolution speed. The positive sign of the coefficient associated with the covariate c t of C does not have physical significance, which is shown as a shortcoming of the model. As a result, the covariate c t was not accounted for in the C parameter of the model that yielded the estimates shown in Table 7 . These estimates, along with the diagnostic plot, have the same interpretation as that of the model including c t .
To identify the best of the two models [model (c) and model (d)], a comparison based on the prediction ability was carried out and achieved by partitioning the data set into two subsets. The first subset, containing data below 20% of cracking, was used for fitting. The other subset served to determine the relative mean error (RME). The obtained results showed that the two models have almost the same prediction ability (RME c ¼ 10:8% and RME d ¼ 10:7%) and justified, the choice of model (d), as it not only has better prediction ability, but also a plausible physical interpretation. Finally, the inclusion of the pavement structure factors in the logistic mixed-effects model resulted in a reduction in the estimated standard deviation for the B random effects from 3.620 to 0.609 and in the estimated standard deviation for the C random effects from 0.499 to 0.064, indicating that a substantial part of the plot-to-plot variation in these two parameters was explained by differences in thickness of the base and surface layer. To illustrate the goodness of fit, Fig. 11 shows 12 plots from a total of 100 plots. The plotspecific estimates were close to the observed values, indicating that the logistic mixed-effects model (d) adequately represented the simulated data.
Conclusion
This paper developed a mixed-effects logistic model for describing the evolution law of pavement deterioration and for identifying the effects of several factors on pavement behavior. Using real data (MTQ), the environmental factor was found to have a significant influence on cracking progression.
In simulated data, the maintenance effect had a greater influence on cracking progression. Restoring the structural capacity of flexible pavements through timely maintenance intervention may assist in delaying the rate of deterioration.
Traditional regression models assume that observations are independent and identically distributed; in case of longitudinal road data studies, this hypothesis is no longer valid. Thus, having a recourse to mixed models is necessary, which assume two sources of variation, within and between sections. This decomposition of variation leads to valid statistical estimations of the model parameters.
This study showed the effectiveness of the logistic mixed-effects model as a new approach to explain the pavement cracking data. Furthermore, this approach made optimum use of the data by taking into account unit-to-unit variability; consequently, the approach was found to be more powerful than traditional regression approaches to establish the evolution curves of each pavement section and to identify the most important factors involved in the cracking process.
Copyright of Journal of Transportation Engineering is the property of American Society of Civil Engineers and its content may not be copied or emailed to multiple sites or posted to a listserv without the copyright holder's express written permission. However, users may print, download, or email articles for individual use.
